This paper evaluates the causal negative effect of environmental tobacco exposure on health by exploiting the time and geographical variation in public-place smoking bans implemented in Switzerland between 2007 and 2011. Using monthly data from the universe of Swiss hospitals between 2004 and 2012, we show that the incidence of acute myocardial infarction hospitalizations decreases by about 10-12% immediately after the law implementation. We also find evidence of heterogeneity by age and sex and across income and education groups. In particular, the policy affected mainly men aged 50+ and the regions characterized by a lower level of income and education.
Introduction
The negative effects of smoking-both primary and second hand-are well known and subject of many studies. In a recent review study, Cawley and Ruhm (2011) show that smoking is the most important modifiable risk factor related to both mortality and disability and the most damaging health behavior in high-income countries. A recent report by the American Hearth Association (2014) estimates a total cost associated with smoking of $193 billion per year, 50% due to direct medical costs and 50% due to productivity costs. Smoke also contributes to health inequality since smoking prevalence and environmental tobacco smoke (ETS) exposure are higher among people from low socio-economic status (SES) (e.g. Cutler and Lleras-Muney 2010) . The public awareness about the large negative effects of smoking induced several governments all over the world to enact a series of measures to reduce tobacco consumption and ETS exposure. Among them, smoking ban in public places is one of the most important public health intervention implemented in many developed countries in the last decades. However, several concerns have been raised-in particular among economists (e.g. Adda and Cornaglia 2010)-about the real health benefits deriving from this public health intervention. This paper investigates the short term effect of public smoking bans on the incidence of acute myocardial infarction (AMI), which represents the main cause of death in almost all OECD countries (OECD 2013) . In particular, exploiting the time and geographical variation in the introduction of smoking ban in public places in Switzerland, we show that the incidence of AMI decreases on average by about 10-12% immediately after the law implementation with large heterogeneity across population sub-groups. Moreover, using this quasi-natural experiment, we provide evidence of a causal association between ETS and AMI.
Previous economic studies mainly analyze the effect of smoking ban on smoking behavior, while they are limited in the ability of studying the effects of smoking bans on objective health outcomes. This might be explained by the fact that the negative effects of smoking on most of the associated diseases may generally require long times of observations. For instance, the effect of smoking on lung cancer may be detected only in the long run. A change in smoking behavior -such as the individual decision to quit smoking-is, by contrast, easier to measure. Therefore, it represents an outcome to assess the effect of the anti-smoking policy in the short run. However, the evidence from these studies is quite mixed. In the US, Evans et al. (1999) show that smoking ban on workplaces reduced smoking prevalence by 5%. On the other hand, Adda and Cornaglia (2010) report evidence of displacement of ETS from public (bars and restaurants) to private places and no effect on smoking prevalence. In Canada, Carpenter et al. (2011) find that these policies had no effect on smoking prevalence, but induced large reduction in public-places ETS exposure without any private displacement. The introduction of smoking bans in public places had limited or no effects on smoking prevalence also in Germany (Anger et al. 2011 ) and UK (Jones et al. 2013) , while there is evidence of a reduction in smoking prevalence and consumption in Italy (Buonanno and Ranzani 2013) . Given the well-know negative association between smoking and body weight (e.g. Cowley et al. 2004) , some studies evaluate the effect of this policy also on other health behaviors, showing some evidence of weight gains and increasing alcohol consumption after the introduction of the smoking ban in Italy and in the US (Liu et al. 2009 and Pieroni et al. 2013) . All in all, the risk of negative spillovers on other behaviors, together with the evidence of displacement from public to private places, might explain the previously mentioned concerns about the health benefits of this policy.
We contribute to the literature by focusing on AMI hospitalizations, which allow us to objectively measure the short-run effects of smoking bans on an objective metric of health. A wide strand of the literature argues that smoking is the most important avoidable cause of coronary diseases (Glantz et al. 1991 ). In particular, several studies show that it is associated with a greater risk of AMI, especially among men (Teo et al. 2006) . From a medical point of view, exposure to smoke is associated with an endothelium-dependent dilatation, which may lead to an early arterial damage, as well as with a tendency towards an acute enhanced platelet aggregation (Celermajer et al. 1996; Sargent et al. 2004 ). Both factors occur within 30 minutes after exposure to smoke and are both risk factors for AMI. A reduction in the number of AMIs is thus quantifiable immediately after the introduction of the smoking ban, being it evident starting from the initial days after the reduction of smoking exposure (Richiardi et al. 2009; Argacha et al., 2008) . This means that we can evaluate the short-term effect of this policy.
We are fully aware of the previous epidemiological literature investigating the effect of smoking bans on cardiovascular diseases. For instance, in a meta-analysis of the existing literature, Meyers et al. (2009) argue that after smoking ban's implementation, AMI risk decreases by 17% overall, with a bigger effect among younger individuals and non-smokers. However, there are fundamental concerns regarding the identification assumptions behind the estimation strategies implemented in these studies. Most of them are based on a simple pre and post comparison in a single city or country (e.g. Di Valentino et al. 2011 on the Swiss canton Ticino) without accounting for all potential confounders, such as preexisting trends or the effect of contemporaneous policies. To this end, Shetty et al. (2011) find that the relationship between smoking bans and AMI in the US is sensitive to the choice of the city and specification. For instance, using data about US-Medicare enrollees aged 66+ for the years 1999-2008, Barr et al. (2012) show that the negative effect of smoking bans on AMI hospital admissions disappears as they account for non-linear adjustment for secular trend and random effects at the county level. Finally, some of these studies evaluate the effect of smoking bans in very small cities and this may lead to problems of external validity of their results (e.g. Sargent et al. 2004 ).
In our estimation strategy we address all these concerns. In particular, we exploit the Swiss quasi-natural experiment to assess empirically whether there is a causal effect of the smoking ban on AMIs. Switzerland is a perfect environment to study, since the 26 Swiss cantons implemented the public smoking ban at different points in time, making it possible to exploit both time and geographical variation. We use monthly data on the universe of Swiss hospitals admissions observed from 2004 to 2012, broken down by age and sex. This allows us to evaluate the heterogeneity of our results. In particular, the reduction in AMI hospitalization has been larger in absolute terms for men aged 50-65 and 66+, while we find some effects only on women 66+, the only subgroup among women at risk of AMI. It is worth noting that in relative terms (compared with the mean incidence of the disease in the population) the larger effect is found among men under 66 (both under 50 and 50-65). These subgroups should attend bars and restaurant more often than the older subgroup (men 66+), and so they were more affected by the public smoking ban.
Moreover, exploiting the residential information on the hospitalized patients, we can conduct our analysis both at cantonal and regional level. For the regional level we use of the so-called Spatial Mobility regions, 106 smaller geographical units that allows us to evaluate the heterogeneity of our results across areas with different level of income and education, holding constant the confounding effect of different institutional settings at cantonal level. In particular, we find that the effect of the policy on AMIs has been stronger in low income and low educated areas. This might be due to the fact that in low SES areas there is a larger incidence of smokers who are affected by the smoking restrictions in public places.
We evaluate the robustness of our results to alternative model specifications. In our estimation strategy we account for many factors that might confound our results, such as area (canton or region) and time fixed effects, as well as area specific time trends. We also control for local unemployment rate to take into account the well-know pro-cyclical behavior of smoking and AMIs (Rhum 2005 and 2007) and to take into account the effect of the last financial and economic crisis.
We indirectly test our main identification assumption by checking whether the policy also affected the incidence of lung, prostate and breast cancer which are known not to have been affected by the policy, at least in the short run. We also show that the reduction was larger during the winter period, when people are more likely to seat inside public places. Moreover, we implement a "placebo" test (by using one year lag and lead values for the treatment) to assess concerns about the potential endogeneity of the policy (Carpenter et al. 2011) and to rule out the possibility of other confounders or external shocks driving our results.
Our results are particularly relevant from a health policy perspective. First they shed a light on the doubts raised by previous literature on the effectiveness of this policy. We report evidence of large positive benefits on health already in the short-term, by showing a reduction in AMI incidence, the most important cause of death related to ETS together with lung cancer. Second, our results suggest potential benefits also on health inequality, since we show that the ban had stronger effects in areas characterized by lower SES (low income and education).
The next section describes how and when the smoking bans were implemented in the Swiss cantons. Section 3 presents the dataset and some descriptive evidence. Section 4 explains the choice of the model and discusses some empirical issues. Section 5 shows and compares our main results and introduces some robustness checks. Finally, section 6 concludes.
Swiss institutional setting
Smoking bans in Switzerland were implemented only after a long series of anti-smoking initiatives undertaken some years before and mostly defined at federal level. Ticino decided to implement a smoking ban in all public places (i.e. bars, restaurants and clubs), with the aim of contrasting smoke and protecting the population against second-hand smoke. Ticino was the first canton opting for such a policy. Canton Grisons followed Ticino one year later.
In May 2010 a federal law regarding the implementation of the smoking ban came into force (it was enacted already in October 2008): smoking in bars and restaurants was prohibited in each canton. The federal law was less restrictive than the one approved in canton Ticino. It allowed restaurants to have some rooms for smokers, and even the service may be guaranteed in some cases. However, cantons were free to set the federal law only as a lower bound and to choose more Table 1 shows for each canton (first column) when the smoking ban in public places started to be in force (second column) and the strictness of the law that they chose to adopt (third column). The majority of cantons decided for a more severe regulation, meaning that they chose not to dedicate special rooms for smokers. It is worth remarking that there seems to be a sort of "linguistic" trend in the timing of smoking bans implementation: the Italian speaking cantons were the first cantons to implement this policy, followed by most of the French speaking cantons and lately, by the German speaking cantons. It is likely that the choice of a canton whether to implement the smoking ban was also affected by the choice of neighbor territories, both Swiss and non-Swiss.
Data
We use data from the "Swiss Hospital Statistics" (HOST), provided by the Swiss Federal Statistical
Office. It is a wide dataset collecting information on each patient for the universe of the Swiss hospitals from 1999 to 2013; after 1998, it became compulsory for each hospital to participate at this statistics. HOST includes basic demographic information (age, sex and residence) for each patient, and information on the main diagnosis, as well as secondary diagnoses. For our analysis we use data from 2004 to 2012, due to the lack of some hospitals data for the years before 2004. Since the dataset is based on individual data, we are able to explore the heterogeneity across different classes of population by carrying out separated estimates for different groups of patients (according to age and sex). Concerning patients geographical residence, Switzerland was split in more than 700 geographical regions called "Medstat regions": each of them counting from 3.500 to 10.000 inhabitants and including territories similar from a socio-economic and geographical point of view. Carrying out the analysis at cantonal level is an advantage because cantons coincide with the political area of the introduction of the smoking bans. On the other hand, focusing on the SM regions (hereafter regions) allows us to exploit the heterogeneity of the effect across income and education levels (see also Section 4). To be able to exploit these potential sources of heterogeneity, we added to our dataset some socio-demographic information: population, income, education and unemployment rate. Data on population for cantons and municipalities is provided by the Swiss Federal Statistical Office. We aggregate data of municipalities to obtain data at regional level.
However, the population breakdown by sex and age is available only for cantons, while for municipalities this information is provided only in the 2000 census. To obtain a proxy of the regional population by age and sex for the years 2004-2012, we multiply the value of the regional population of the year 2000 (from the municipal census) for the rate of variation of the population of the canton to which the region belongs. We do this for each age and sex category.
Monthly data is available only for unemployment rates, while for income and education we have data only for few years. We extract data on unemployed from the website of the State Secretariat Table 2 shows in the first two columns the monthly average and standard deviation of AMI hospital admissions for the whole population by area and and by sex in the years 2004-2012. In the third column we report the corresponding incidence per 100'000 inhabitants by dividing the number of AMI cases in each canton for the corresponding population. Similarly, the last column reports the incidence based on regions. Consistent with the medical literature, two thirds of the AMI hospital admissions are among men, in particular among those in the age class 50-65 and 66+, while for women the incidence of AMIs is almost only among women aged 66+. There is evidence of substantial variability in the number of AMI hospital admissions not only across cantons but 2 We cannot insert the income in our estimation as a time varying variable because up to now the last available year is 2010. For this reason we use a mean of the median income in each region in the period 2004-2010. also over time. We observe an increasing trend in AMI hospital admissions over the years under investigation: this may depend on better measures of prevention, on better access to health care and on changes in the definition of the diagnosis, especially after a recent reclassification of some angina patients into AMI cases (Insam et al., 2013) . We crosschecked our dataset with data from the AMIs Plus -the National Registry of AMI in Switzerland -and we confirmed the consistency of HOST data and the presence of the increasing trend. There is also evidence of seasonality with a larger incidence of AMI during the holiday season. This descriptive inspection suggests that taking such spatial and time heterogeneity into account in our estimation strategy is crucial. HOST collects about 90% of the total estimated number of AMI cases: the remaining 10% are people who die from AMI before arriving to the hospital (Meyer et al., 2007 perform this estimation for the year 2004). This small percentage is expected to further decrease over time, due to the easier access to hospitals in many areas. Cantonal and regional values present some small differences, due to the statistical approximation of our computations. Cantonal values tend to underestimate the big areas. Notice that the mean incidence of AMI hospitalizations is slightly larger at regional level than at cantonal level. This difference arises because the cantonal mean gives the same value to all cantons, regardless of the population's size. By contrast, the mean incidence at regional level is closer to the true national value.
Descriptive statistics and graphical evidence
In Figures 1 and 2 , we show first evidence of a discontinuity in the number of AMI hospital admissions at national level in correspondence of the smoking ban implementation for men but not for women. Since each canton implemented the policy at different points in time, we aggregate AMI cases across different cantons based on the distance in months from the policy implementation, as in a sort of Regression Discontinuity Design (RDD). More specifically, in Figure 1 we show the raw data, while in Figure 2 we report the aggregate residuals from a regression in which we control for year and canton fixed effects. This second figure is meant to take into account the time and geographical heterogeneity described before. The vertical line represents the "month zero, namely the month during which each canton introduced the ban. Purely for descriptive purposes, the fitted lines are based on a quadratic fit on the two years before and after the implementation of the policy, while the shaded areas correspond to the 95% confidence interval.
For men, Figure 1 already shows evidence of a discontinuity in AMI cases after the introduction of the smoking ban, although we are not controlling for temporal trends and cantonal differences.
This discontinuity is confirmed in Figure 2 , where we take into account these potential confounding factors. In particular, the residuals are slightly above zero in the two years before the discontinuity, while they rapidly decrease towards -40 in the months immediately after the smoking ban implementation. For women, instead, we do not have evidence of any discontinuity at the cut-off date.
Unfortunately, we are not able to show similar evidence for cantons since the number of AMI cases each month is too small to show graphical evidence of a significant discontinuity. In the next section, we investigate the effect of smoking bans on AMI hospitalizations trying to take into account all the potential factors that might confound the effect of the policy. It is worth reminding that, since Figure 2 nets out canton and time fixed effects, we are already controlling for the most important confounding factors in the relationship under investigation.
Empirical strategy
The empirical strategy exploits the geographical and time variation in the implementation of the smoking ban. In the analysis that follows, the outcome of interest is represented by the AMI incidence rate, AM I kt (as reported in column 3 of Table 2), that is obtained dividing the absolute number of patients hospitalized for AMI in area k (it can be either canton or region) and at time t by the corresponding population of the area k at time t. We prefer this variable to the absolute number of AMI cases because it allows us to control for the different dimension (and population structure) of our Swiss regions. Moreover, it nets outs the effect of differential population trends across regions. 3 More specifically, we estimate the following equation:
where SB kt is a dummy equal to one if the smoking ban was enacted in area k at time t; the coefficient β 1 measures the effect of the policy. Our specification also includes area, β 0k , and time, δ t , fixed effects and, as additional robustness check, area specific time trends, f (k, t). More specifically, we model the function f (k, t) as a linear function (i.e. multiplying the geographical dummies for a linear time trend). Finally, X kt includes monthly data on unemployment rate. Ruhm (2005 and 2007) show that both smoking and AMI discharges are pro-cyclical, so we might expect a negative correlation between unemployment and AMIs.
Time is measured in months (108 months starting from January 2004 to December 2012). As already mentioned in Section 3, the geographical unit under investigation, the area k, can be either the canton or the region. Since the policy is implemented at cantonal level it is natural to consider the canton as the reference geographical unit. However, we believe that it is still worth to focus the analysis on a smaller geographical area for two main reasons. First, it allows to analyze the heterogeneity in the effect of interest across educational and income levels, holding constant the confounding effect of institutional differences at cantonal level. In other words, the analysis at the level of regions exploits the geographical variation within cantons in the level of education and income. Second, the increase in the number of observations allows us to increase the power of our estimation strategy and to reduce the relative weight of smaller cantons. As discussed in Section 3.1, the analysis at cantonal level put the same weights to cantons of different dimensions. 4
Given the panel nature of the dataset, the baseline estimation method for this model is the within estimator (fixed effects), which allows to remove all time-invariant confounders at area level.
Our estimates are separated by sex and age group (below age 50, age 50-65 and age 66+) to take into account the large differences in the incidence of AMIs across these population subgroups. We also implement separated estimates according to the severity of the policy implemented by the different cantons (severe vs. mild policy, see Section 2 for further details).
Identification issues
As discussed throughout the paper, the identification of the effect of the smoking ban on AMIs comes from the time and geographical variation in the implementation of the policy across cantons.
Notice that different from a standard "diff-in-diff" strategy, we do not need the classic common trend assumption, since the policy has been implemented in all cantons but at different points in time.
Therefore, it becomes crucial that there are no other policy changes or cantonal shocks coinciding with the introduction of the smoking ban and affecting the number of AMIs. The specification proposed in equation (1) should be sufficiently flexible to account for the potential confounding factors at geographical level since it also includes area specific time trends. Our specification also includes local unemployment rates to address the concern that the policy implementation is somewhat contemporaneous with the last financial and economic crisis. However, this is unlikely since the policy implementation has a very large temporal variation that does not coincide with the timing of the crisis (2008) (2009) ).
More generally, we believe that it is very unlikely to have any confounding factors correlated with the policy implementation in each canton and able to affect the number of AMIs at the same time. Unfortunately, we cannot test it directly, but we implement a battery of robustness checks that supports our identification assumption. First, we implement a sort of "unconfoundedness test" in which we test whether the policy has an effect also on the incidence of lung, prostate
and breast cancer, that should not be affected by the policy, at least in the short run. Second, as in Carpenter et al. (2011) , we implement a placebo test in which we assess concerns about the potential endogeneity of the policy by controlling for one year-lead of the smoking ban. Such a test is implemented to verify whether we are confounding the effect of the smoking ban law with other unobservable trends that vary across cantons and in particular whether "large shocks to outcomes systematically precede rather than follow" smoking ban laws. 5 More generally, we test for the presence of jumps in the AMI hospitalizations distribution one year lag and lead the real implementation of the policy in each canton. Another robustness check we implement is to check whether the effect of public smoking ban is larger during the winter season. The intuition is that during these months people that go to pubs and restaurants are more often inside public places because of the adverse weather conditions, while during the other seasons people should stay more often outside drinking and eating. So if we are not confounding the effect of the ban with that of other confounding factors we should observe a larger reduction in AMIs during the winter season.
Even tough all these tests support our identification strategy, some concerns may still arise regarding the estimation of the standard errors, since in panel data errors are often correlated both across time and regions. In this case it might not be sufficient to cluster standard errors only at the statistical area level (as suggested by Bertrand et al. 2004) . It is indeed very likely that the number of AMI cases is correlated also spatially across cantons. The decision of one canton to introduce a smoking ban may have an influence also on the choice of a neighbor canton. In our case, it is quite evident that the timing in the implementation of the policy is somewhat affected by some geo-cultural factors. In particular, Ticino was the first canton to implement the policy in implemented the policy only starting from late 2010. This geo-cultural factor in the timing of the policy implementation should not affect the estimated effect of the smoking bans since we control for both canton fixed and canton specific trends. However, such spatial correlation might affect the standard errors of our estimates. To account for this second potential source of correlation we use a two-way clustering strategy implemented by Cameron et al. (2011) . As robustness check, we also use the OLS fixed effects estimator with panel-corrected standard errors (PCSE) based on the work of Beck and Katz (1995) . It estimates the parameters by OLS and estimates the standard errors and the variance-covariance matrix assuming that the disturbances are by default heteroskedastic and contemporaneously correlated across panels. We also assumed that errors are first-order auto correlated and that the coefficient of the AR(1) process is specific to each panel.
Results
In this section we report the results from our estimation of the effect of the smoking ban on the incidence of AMI hospitalizations using the identification strategy presented in Section 4. Moreover, in Section 5.1 we present the results of a number of robustness checks already discussed in Section 4.1.
We start showing in Table 3 the estimates of the effect of the public smoking ban on the incidence of AMI hospitalizations on total population and by sex. Each column represents a different specification. Specifically, Model A includes area and time fixed effects; Model B adds monthly data on area specific unemployment rates; as a further robustness check, Model C includes area specific linear time trends. Estimates are implemented at cantonal (first set of rows) and regional level (second set of rows). Consistent with the graphical evidence in Figures 1 and 2 (that aggregate data at national level), the table shows robust evidence of a reduction in the incidence of AMI mainly for men. For women, instead, we have evidence of a small and slightly significant effect only in the regional estimates. This result should not be surprising given the very low incidence of AMI among the total women population (see Table 2 ).
The estimated reduction in the incidence of AMI is robust across all specifications. The estimated effect only slightly decreases in size (but not significantly) when we include area specific time trends. This reduction should be due to the effect of imposing the same linear trend before and after the reform in each area (for this reason from now on we will use Model B as reference). Most importantly, estimates are larger in size-although not significantly-at the regional level. In the total population, it corresponds to a monthly reduction of roughly one AMI case every 100'000 inhabitants (so a reduction of about 1'000 cases per year in Switzerland). Looking at the mean incidence reported in Table 2 , the estimated coefficients correspond to roughly 8-9% reduction in the incidence of AMI according to the cantonal estimates and 10-12% reduction for the regions.
This difference is not surprising since, as aforementioned, cantonal and regional estimates weight the cantons differently. In particular, the cantonal estimates give the same weight to small and big cantons, while in the regional estimates bigger cantons get more weight since they are split in more regions. If the effect is homogeneous across the population the two estimates should converge.
However, since most of the smaller regions implemented only a mild regulation against smoking in public places (see Table 1 ), we might expect a smaller effect on these cantons. This is confirmed by the results provided in Table 6 , where we show larger effects in cantons that implemented the more severe regulation, and by a further robustness check in which we use population weights for the canton estimates. 6 For this reason, in the analysis that follows we only show results for the regions (estimates at cantonal level are always very similar).
Having assessed the impact of the public smoking ban on the total population, we investigate the heterogeneity of our results across age (Table 4) , income and education (Table 5 ) subgroups. Table 4 shows the results for three different age groups, under 50, 50-65 and 66+. In absolute terms, larger effects are estimated in population subgroups more at risk of AMI, namely men in the age group 50-65 and both man and women 66+. More specifically, for men aged 50-65 and 66+ we observe a reduction in the incidence of about 5 cases every 100'000 inhabitants per month.
Notice that for women, the effect in the age group more at risk of AMI-women aged 66+-is now large and significant.
In relative terms, the story is quite different since for men the effect is larger for the subgroup under 50 (20% reduction with respect to the mean incidence) and 50-65 (17%) . The difference between absolute and relative terms is due to the difference in the risk of AMI across subgroups but also to the different likelihood of each subgroup to attend bars and restaurants. We argue that younger people (under 66) are more likely to go to bars and restaurants and so more exposed to ETS before of the policy implementation.
The next step is to investigate whether the public smoking ban had an heterogeneous effect across income and education groups. We argue that this analysis is particularly relevant from a policy perspective since it concerns the potential impact of the policy on health inequality. Indeed, a differential impact of the policy across socio-economic group would exacerbate (in the case of a larger reduction among richer and high educated) or reduce the level of health inequality in the incidence of AMI. Ideally, one should use individual data for this kind of analysis, but the hospital register provides us only geographical information on patients' residence. For this reason, we implement the analysis at the smallest possible level of aggregation, the region. As explained in Section 4, this level of aggregation allows us to exploit the within canton variation in the level of income and education, and then control for institutional confounders at cantonal level. In particular, using data on the average median income between 2004 and 2010, we split the regions in two groups high vs. low income. We do the same for education using 2000 census data on education attainment. Table 5 clearly shows evidence of heterogeneity across both dimensions, but in particular across income groups. It indicates that the effect of the ban affected mainly low income and low education regions. In these regions, the estimated reduction in AMI incidence is almost twice the average effect estimated in Table 3 , while the reduction in the richest and more educated regions is in most cases small and not statistically significant.
Finally, we test whether the effect of the public smoking ban has been larger in cantons that implemented the more severe regulation, as described in Section 2. We test this by including in the regression two dummies that capture the effect of the two different regulations, mild and severe. Table 6 shows the results by age. The table clearly indicates that the public smoking ban had a significant impact on AMI only in regions where a more severe regulation was implemented.
As previously discussed, mild regulation has been implemented mainly in smaller cantons, also charachterized by the absence of metropolitan areas. On the other hand, we might also expect that the public smoking ban had larger effects in metropolitan areas charachterized by a large number of bars and restaurants. Therefore, we avoid speculating on the results reported in Table 6 , saying that mild regulation are not effective in reducing the incidence of AMI hospitalizations.
Robustness checks
In this section we implement a set of robustness checks as described in Section 4.1. The first set of robustness checks are aimed to test the identification strategy of this paper. First we implement what we call an "unconfoundedness test", in which we test whether the policy affected a set of health outcomes, namely the incidence of lung, prostate and breast cancer, that should not be affected by the policy at least in the short run. The lung cancer affects both men and women, while the other prostate and breast cancer are sex specific. Even though the lung cancer is affected by ETS, we
should not be able to observe effects in the short term. This test is meant to verify whether we are confounding the effect of the policy with some other unobservable trend or confounder factor.
The test reported in Table 7 shows no effect of the public smoking ban on the incidence of all these health outcomes.
Second, we implement a sort of placebo tests to verify that there are no other jumps in the AMI distribution before or after the real implementation of the policy. As argued by Carpenter et al. (2011) this test is particularly suitable to test the endogeneity of the public policy because it allows to control for one-year lead of the smoking ban. Table 8 shows the results of this test. The table clearly shows that there is no evidence of any significant discontinuity in the distribution of the AMI hospitalizations before or after the real implementation.
Another robustness check that indirectly tests our identification strategy is to verify weather the reduction in AMI hospitalizations is larger during the winter season, when people stay more often inside the public place because of the adverse weather conditions. We show the results in Table A .1, where we report the average effect at the baseline (from April to October), and the interaction with the winter season (from November to March). As expected, the reduction in AMIs during the winter period is almost twice the reduction we observe during the rest of the year (compare the size of the two coefficients). Again, the results support our identification strategy.
The last robustness check concerns the estimations of the standard errors. As already discussed, to take into account the two potential sources of correlation, within (over time) and between regions, we use a two-way clustering strategy. As robustness check we use an OLS fixed effects estimator with panel-corrected standard errors (PCSE). It estimates the variance-covariance matrix assuming that the disturbances are by default heteroskedastic and contemporaneously correlated across panels, and it allows errors to be autocorrelated (first order auto-correlation specific to each panel). Since this model estimates the full variance-covariance matrix and so a very large number of time parameters (107), we avoid to include a full set of time fixed effects. We substitute them with year and month fixed effects (18 parameters). Table A .2 shows that results from PCSE are very similar to those reported in the main text.
Conclusion
In this paper we assess the causal effect of the introduction of public smoking bans in Switzerland on AMI hospitalizations. We show that this anti-smoking policy implemented in Switzerland were effective in reducing the cases of AMI. Our results are robust to different model specifications and the large battery of tests implemented in this paper never casts doubt on our identification strategy.
On average, the introduction of public smoking bans leads to a reduction of about 10-12% of AMI hospitalization. However, we found large heterogeneity in the effect of interest across sex and age groups. In absolute terms, we found evidence of larger reductions in AMI hospitalizations among men 50+, the subgroup of the population with the largest incidence of AMI. Among women, we found evidence of a significant reduction in AMI hospitalizations only in the age group 66+, being them the only women subgroup really at risk of AMI. In relative terms, the largest reduction (roughly -20%) was observed among men under 66, the subgroup of the population-among those at risk of AMI-that more often should go to bars and restaurant.
We also exploit the spatial heterogeneity in the effect of public smoking bans by focusing our analysis on very small regions (spatial mobility regions), which allows us to hold constant the confounding effect of institutional factors at cantonal level. Such analysis shows that the policy was more effective in poorer and less educated regions and in regions that implement a more severe regulation.
Our analysis is of particular relevance from a policy perspective for at least two important reasons. First, from a public health perspective, our paper shows that improving the quality of air in public places through smoking bans has a positive impact on population health. Additionally, our results demonstrate that the impact of the public smoking ban is even more effective in the areas with low income and low education. In these areas the AMIs' reduction is almost twice as large as the average effect. Assuming a positive correlation between health, income and education, the health improvement should be larger in areas with a poorer level of health. This suggests that such a public health intervention might be also able to reduce inequalities in health.
Secondly, this policy leads to a significant reduction of health related costs. In the USA, the American Hearth Association (2014) estimates for 2010 a total cost of 204.4 billions dollars due to hearth diseases. Even in Switzerland, the second country in the world for life expectancy at birth (OECD 2013), AMI is the leading cause of death and it represents a huge economic burden.
For instance, Wieser et al. (2012) estimate that in 2008 the total direct costs of acute coronary syndrome (of which AMIs represent more than 80% of the costs) were more than 1 billion Swiss
Francs.
To this large cost we should add 500 millions of indirect costs due to production losses.
Therefore a reduction of 10-12% of AMI hospitalizations means saving at least 150 millions per year.
Finally, we address one final consideration. Even though we are able to evaluate the reduction in AMI hospitalizations due to this important public policy, we are not able to assess to what extent this reduction was due to a reduction of ETS exposure among smokers and non-smokers (through a reduction in second hand smoke exposure). Considering the previously cited studies on the effect of public smoking bans on smoking behavior, it is reasonably to believe that this reduction mainly comes from reduction in ETS exposure among non smokers. We will carry out further research to disentangle between these two effects by using individual survey data and administrative data on cigarette consumption. Notes: The table shows the coefficient on the effect of the public smoking ban on the incidence of AMI hospitalizations by age and sex using model B as in Table 3 . Standard errors are robust and clustered at canton and month level (two-way clustering). Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Notes: The table shows the coefficient on the effect of public smoking ban on the incidence of AMI hospitalizations by education and income groups using model B as in Table 3 . Standard errors are robust and clustered at canton and month level (two-way clustering). Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Notes: The table shows the coefficient on the effect of the public smoking ban on the incidence of AMI hospitalizations using two dummies for the ban (severe and mild implementation) using model B as in Table 3 . Standard errors are robust and clustered at canton and month level (two-way clustering). Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Notes: The table shows the coefficient on the effect of the smoking ban using model B as in Table 3 . Standard errors are robust and clustered at canton and monthly level (two-way clustering). Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Notes: The table shows the coefficient on the effect of the smoking ban using model B as in Table 3 and controlling for the effect of two placebo reforms one year before and after the real implementation. Standard errors are robust and clustered at canton and month level (two-way clustering). Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Notes: The table shows the coefficient on the effect of the smoking ban using model B as in Table 3 plus an interaction term for the winter season (November to March). Standard errors are robust and clustered at canton and month level (two-way clustering). Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Notes: The table shows the coefficient on the effect of the smoking ban controlling for time and month fixed effects and monthly unemployment rate. The effect is estimated using panel corrected standard errors assuming first order autocorrelation, AR(1). Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1.
